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Abstract: Aiming at the problem of segmentation parameters setting in object-oriented hyperspectral
classification method, an adaptive hyperspectral classification algorithm based on region-growing tech-
niques was proposed in this paper. Firstly, a constrained region-growing method was proposed, which
used the spatial information of the training samples to provide effective constraints, thus reducing the
error propagation rate of the region markers in the region-growing process, and improving classifica-
tion performance. Secondly, an adaptive threshold calculation method was proposed. By analyzing the
distribution law of the spectrum of the training samples, the reasonable threshold for region division
was calculated adaptively to replace the empirical threshold, so that the robustness of the algorithm
was improved. Finally, the K-nearest neighbor algorithm (KNN) was used to classify the centers of
each region after division. Experimental results show that: For different images, the adaptive thresh-

olds calculated by the method are consistent with the empirical values, and the classification effect of
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the proposed algorithm is better than other algorithms. For hyperspectral data Indian Pines from

AVIRIS sensor, the overall classification accuracy and kappa are 92. 94% and 0. 919 5 respectively

with 10% training samples, and for hyperspectral data Pavia University from ROSIS sensor, the over-

all classification accuracy and kappa are 95.78% and 0. 944 0 respectively with 5% training samples.

The proposed algorithm not only enhances the robustness of the algorithm, but also improves the

classification performance effectively, and has strong practicability in hyperspectral applications.
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Fig. 1 Scanning diagram of region growing
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Fig. 2 Judgment process with constraint
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Tab. 2 Classification performances of Indian Pines under different algorithms

i) S YIEEA  MHEREEA  MNF+SVM LDA+Bayes LDA+KNN LDA+WSSD KNN - A 353k
1 Alfalfa 5 41 69.76%  4.63%  64.15% 68.29% 67.56%
2 Corn-notill 143 1285 91.31%  79.67%  78.82% 83.04% 90.09%
3 Corn-mintill 83 747 79.84%  70.43%  74.46% 75.90% 90. 50 %
4 Corn 24 213 77.32%  41.60%  72.30% 79.81% 84.74%
5 Grass-pasture 49 343 90.67% 91.27% 91.89% 87.10% 94, 38%
6 Grass-trees 73 657 97.35%  98.05%  97.90% 97.72% 98.36%
7 Grass-pasture-mowed 3 25 87.60% 0.00% 76.40% 92.00% 94, 40%
8 Hay-windrowed 48 430 98.07% 99.60% 99.95% 100. 00 % 99. 86 %
9 Oats 2 18 61.11%  0.00%  53.89% 61.11% 60.56%
10 Soybean-notill 98 874 85.72%  66.73%  76.00% 75.17% 90.34%
11 Soybean-mintill 246 2 209 89.19%  85.71%  81.34% 82.34% 93.40%
12 Soybean-clean 60 533 90.36%  74.33%  82.16% 86.68% 91.57%
13 Wheat 21 184 99.40%  95.65%  99.24% 99.46% 99.29%
14 Woods 127 1138 98.41%  95.44%  95.93% 96. 66 % 96. 9%
15 Buildings-Grass-Trees-Drives 39 347 79.08%  78.01%  83.43% 80.40% 87.03%
16 Stone-Steel-Towers 10 83 89.64%  54.58%  90.96% 93.98% 92.29%
— SR (OA) — — 90.08%  82.01%  84.49% 85.64% 92.94%

— Kappa &% I I 0.886 7 0.792 8 0.822 9 0.836 0 0.919 5
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Tab. 3 Classification performances of Pavia University under different algorithms %)
P el WhkeA  MWiKEEA MNF+SVM LDA+Bayes LDA+FKNN  LDA+WSSD KNN 7 30 v
1 Asphalt 133 6 498 93.53 92. 83 91.76 91.70 93.63
2 Meadows 373 18 276 97.96 90. 58 96. 39 96. 24 98. 05
3 Gravel 42 2 057 77.18 71.12 74. 89 76.68 96. 41
4 Trees 62 3002 92. 14 94.73 92.59 94. 40 94. 59
5  Painted metal sheets 27 1318 99.13 99. 98 99. 96 99. 92 99. 52
6 Bare Soil 101 4 928 90. 52 82. 38 83. 24 87.17 97.27
7 Bitumen 27 1303 60. 64 79. 04 84. 46 83.06 97. 34
8  Self-Blocking Bricks 74 3608 86. 68 81. 86 80. 31 81. 33 89.79
9 Shadows 19 928 99. 80 97.21 99. 58 99. 56 76.23
— BERIEOA) — — 92.91 88. 64 91.23 91. 87 95.78
— Kappa %% — — 0.9057  0.8505  0.8833 0.892 3 0.944 0
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